ABSTRACT: A set of 17 experiments, using various combinations of physical parameterization schemes in the Weather Research and Forecasting (WRF) model, were carried out to choose a combination suitable for simulating the Indian summer monsoon. The model experiments, forced with the ERA-Interim reanalysis data, were at 30 km horizontal resolution. The WRF model experiments were initialized on 1 May of each year and integrated until 30 September to cover the entire monsoon season for the years 1982 to 2013. The results indicate that the simulated Indian summer monsoon precipitation and 2 m air temperature are sensitive to the physical parameterization schemes in the WRF model and that choosing the correct combination of physical parameterization schemes is essential for simulating the Indian summer monsoon realistically. Our analysis shows that a model setup with the Kain−Fritsch cumulus scheme, a radiation package with the Dudhia shortwave and Rapid Radiative Transfer Model longwave schemes, the Yonsei State University planetary boundary layer scheme, the WRF Single-Moment 3-class microphysics scheme, the revised MM5 Monin-Obukhov surface layer scheme, and the Unified Noah land surface model is suitable for simulating the precipitation realistically. The model setup with a combination of these physical parameterization schemes was found to have smaller biases and root mean square errors in the simulated precipitation, along with a realistic simulation of intraseasonal and interannual variability of precipitation. The results of this study will be useful to researchers and forecasters using the WRF model to improve the Indian summer monsoon simulations/ forecasts over the Indian region.
INTRODUCTION
As is well known, the Indian subcontinent receives most of its precipitation during the boreal summer season from June to September (JJAS). The agrobased economy of the country is dependent on precipitation during the season, and forecasting the seasonal precipitation is beneficial to the economy of the country. Precipitation over India during the boreal summer season exhibits variability at both intraseasonal and interannual times scales. The intraseasonal variations in precipitation over India are marked with phases of high and low monsoon activity known as the active and break spells in monsoon (Ramamurthy 1969 , Raghavan 1973 , Krishnan et al. 2000 , Annamalai & Slingo 2001 , Goswami 2005 , Rajeevan et al. 2010 ). The intraseasonal variability or intraseasonal oscillation of the monsoon precipitation has preferred periodicities of 10-20 d (Krishna murti & Bhalme 1976 , Murakami 1976 , Krishna murti & Ardunay 1980 , Chen & Chen 1993 ) and 30 to 60 d (Krishnamurti et al. 1985 , Murakami et al. 1984 , Nakazawa 1986 , Goswami 2005 . The intra seasonal oscillation of precipitation affects the seasonal mean precipitation (Goswami & Ajayamohan 2001) and hence the interannual variability of the boreal summer precipitation over India. The interannual variability in precipitation over India during the boreal summer season is affected by various climate modes such as the El Niño-Southern Oscillation (ENSO) and the Indian Ocean Dipole (IOD; Behera et al. 1999 , Saji et al. 1999 , Krishnan & Swapna 2009 , Krishnan et al. 2011 .
The global models used to simulate the Indian summer monsoon are usually of coarser resolution and do not capture regional features realistically. The technique of dynamical downscaling using regional climate models (RCMs; Dickinson et al. 1989 ) is often used to downscale the global model simulations over India with the assumption that the better representation of orography and land-use characteristics in a high-resolution RCM can improve intraseasonal and interannual precipitation simulations. However, RCM simulations are affected by systematic biases in the RCMs, as well by the biases in the lateral boundary conditions provided by the global models. The systematic biases in RCMs are generally due to limitations of the physical parameterization schemes used to represent the physical processes in the models. An evaluation of RCMs to find a suitable combination of physical parameterization schemes can potentially reduce biases in the RCM simulations. In this study, we undertake such an evaluation of physical parameterization schemes in an RCM, the Weather Research and Forecasting (WRF; Skamarock et al. 2008) model, in simulating the Indian summer monsoon precipitation. The WRF model, which has an option to choose a number of physical parameterization schemes, provides an excellent modeling platform to carry out such a study.
A number of studies have been carried out using the RCMs to simulate the spatial and temporal features of the Indian summer monsoon at intraseasonal and interannual time scales (Bhaskaran et al. 1996 , Jacob & Podzum 1997 , Juang et al. 1997 , Vernekar & Ji 1999 , Ratnam & Kumar 2005 , Dash et al. 2006 , Ratnam & Cox 2006 , Ratnam et al. 2009 , Muk ho padhyay et al. 2010 , Lucas-Picher et al. 2011 , Bhaskar Rao et al. 2013 , Vellore et al. 2014 , Raju et al. 2015 , Maharana & Dimri 2016 , Uma kanth et al. 2016 . Using a regional climate model at 50 km resolution, which was driven by the United Kingdom Meteorological Office Unified Model (UM) global model output, Bhaskaran et al. (1996) found that the RCM improved the UM-simulated precipitation due to its higher horizontal resolution. They also found the RCM simulation to be insensitive to the size of the domain used in simulating the Indian summer monsoon. Several studies have shown that RCMs are capable of realistically simulating the Indian summer monsoon precipitation at seasonal (Jacob & Podzum 1997 , Vernekar & Ji 1999 as well as at subseasonal (Maharana & Dimri 2016 , Umakanth et al. 2016 ) time scales. However, the simulated precipitation has been found to be sensitive to the cumulus parameterization schemes used in the RCMs (Ratnam & Kumar 2005 , Dash et al. 2006 , Mukhopadhyay et al. 2010 , Raju et al. 2015 , Umakanth et al. 2016 at both seasonal and sub-seasonal time scales. A few studies, such as that of Shrivastava et al. (2014) , highlight the importance of choosing a suitable combination of parameterization schemes within the WRF model to simulate the features over the Indian region. The sensitivity of the WRF model to the combination of cumulus, radiation, planetary boundary layer, and land use physical parameterization schemes in an RCM when simulating the Indian summer monsoon has not yet been studied, though such efforts have been made to study the climates of Australia (Evans et al. 2012 , Kala et al. 2015 , Spain (Argueso et al. 2011) , Europe (Mooney et al. 2013) , China (Yuan et al. 2012) , and South Africa (Crétat et al. 2012) . In this study, we attempt to fill this gap. The aim of this study is to find a combination of physical parameterization schemes in the WRF model suitable for simulating the Indian summer monsoon realistically.
MODEL AND METHODOLOGY
We used the WRF model (Advanced Research WRF; ARW) version 3.8.1 for the dynamical downscaling of ERA-Interim reanalysis data (Dee et al. 2011 ). The WRF model with 30 km horizontal resolution and 30 vertical levels ex tending from the surface to 50 hPa, covering the region 4.8° to 40.3°N, 61.1° to 98.8 E, was used in this study. We used 9 grid points in the relaxation zone in the lateral boundaries to provide a smooth transition between the prescribed lateral boundary conditions (in this case ERA-Interim reanalysis data) and the WRF simulations. A wRaleigh damping with a damping coefficient of 0.2 was prescribed at the top of the atmosphere to damp unrealistic reflection of waves from the model top. This option can be important over high topography (Dudhia 2016) such as the Himalayas and the Western Ghats. A time step of 90 s was used for the model runs. The radiation schemes were called at an interval of 30 min, and the Kain−Fritsch cumulus scheme (Kain 2004 ) was called at a 5 min interval. The Kain− Fritsch (KF) scheme is based on convective available potential energy (CAPE) closure. Once a grid point is active, sufficient time should be given for the CAPE to be removed and before another call to the scheme is made. Frequent calls to the Kain−Fritsch scheme often leads to spurious results (Correia et al. 2008) . All the other physical parameterization schemes were called at every time step. A total of 17 experiments were carried out using a combination of various physical parameterization schemes in the WRF model. These experiments were provided with boundaries from the ERA-Interim reanalysis data. The WRF model experiments with the ERA-Interim reanalysis boundaries serve 2 purposes: (1) to estimate the limits of improvement we can expect from dynamical downscaling, and (2) to identify a suitable combination of physical parameterization schemes to simulate the Indian summer monsoon.
The 17 experiments (EXPT1 to EXPT17), using a combination of various physical parameterization schemes to simulate the Indian summer monsoon, are listed in Table 1 . The experiments were designed to validate 2 cumulus parameterization schemes: (1) the Betts-Miller-Janjic scheme (BMJ; Betts & Miller 1986 , Janjic 1994 and (2) the KF (Kain 2004) scheme; 4 shortwave radiation schemes: (1) the Dudhia scheme (Dudhia 1989) , (2) the Rapid Radiative Transfer Model for GCMs (RRTMG; Iacono et al. 2008) , (3) the Community Atmospheric Model (CAM; Collins et al. 2004) , and (4) the Goddard shortwave scheme (Chou & Suarez 1999) ; 3 longwave radiation schemes: (1) the Rapid Radiative Transfer Model (RRTM; Mlawer et al. 1997) , (2) the Rapid Radiative Transfer Model for GCMs (RRTMG; Iacono et al. 2008) , and (3) CAM (Collins et al. 2004) ; 2 planetary boundary layer (PBL) schemes: (1) the Yonsei State University (YSU; Hong et al. 2006) and (2) the Asymmetric Convection Model 2 scheme (ACM2; Pleim 2007); 2 microphysical schemes: (1) the WRF Single-Moment 3-class (WSM3; Hong et al. 2004 ) and (2) the WRF SingleMoment 5-class (WSM5; Hong et al. 2004 ); 2 surface layer schemes: (1) the revised MM5 similarity scheme (MSS; Paulson 1970) and (2) the Pleim−Xiu scheme (PX; Pleim 2006); and 3 land surface models (LSM): (1) the Unified Noah LSM (Tewari et al. 2004) , (2) the Pleim−Xiu (PX LSM; Pleim & Xiu 2003) , and (3) the thermal diffusion scheme (Dudhia 1996) . Dudhia (2016) gives an excellent description of the physical parameterization schemes in the WRF model in addition to the WRF (ARW) model website. The sets of experiments testing the sensitivity of the WRF model simulation to physical parameterization schemes are shown in Table 2 . Matching symbols along a row indicate the sets of experiments compared to test the sensitivity of the model simulation to the physical scheme given in the first column of the row. For example, the pairs of experiments EXPT1 and EXPT4, EXPT2 and EXPT5, The WRF model-simulated precipitation and 2 m air temperature were validated using the high-resolution precipitation (Pai et al. 2014) and 2 m air temperature (Srivastava et al. 2009 ) dataset of the India Meteorological Department (IMD). The IMD precipitation data is at a resolution of 0.25° × 0.25° and the 2 m air temperature data is at 1° × 1° resolution.
The El Niño events used for the composite analysis were identified from the historical information available from the Climate Prediction Center (CPC), USA. To identify IOD events, we used the monthly IOD index obtained from the Japan Agency for MarineEarth Science and Technology (JAMSTEC), Japan. To ensure that the IOD events had sufficient strength in the JJAS season to influence the Indian summer monsoon, we took a running average of the monthly index for the seasons June to August (JJA), July to September (JAS), August to October (ASO), and September to November (SON) and normalized the index for a season with its SD. We considered years as IOD years when the index was above 0.9 SD in at least 3 consecutive seasons of JJA, JAS, ASO, and SON.
RESULTS

Seasonal mean precipitation and 2 m air temperature
Sensitivity to cumulus parameterization schemes
The IMD observed precipitation (Fig. 1a) , averaged over the JJAS season from 1982 to 2013, ex hibits heterogeneity in the spatial distribution of precipitation over the Indian landmass, with pre ci pitation >10 mm d −1 in the northeast and along the west coast (along the Western Ghats), and with precipitation of < 2 mm d −1 in the northwest and the south (Fig. 1a) . The precipitation over central India is in the range of 5 to 15 mm d −1 during the season with a propensity to higher precipitation in the eastern parts (Fig. 1a) . The WRF model experiments were able to capture the spatial distribution of the mean precipitation realistically, though they differ in the magnitude of simulated seasonal precipitation (Fig. 1b−r) .
The model-simulated precipitation was often found to be sensitive to the cumulus parameterization scheme used in the model due to the convective nature of the Indian summer monsoon precipitation. The results of the pairs of experiments EXPT1 (Fig. 1b) and EXPT4 (Fig. 1e) , EXPT2 (Fig. 1c) and EXPT5 (Fig. 1f) , and EXPT3 ( Fig. 1d) and EXPT6 (Fig. 1g) , which differ only in the cumulus scheme (Table 2) , were compared to test the sensitivity of the WRF-simulated precipitation to the cumulus scheme used in the model. Not surprisingly, the comparison shows the model-simulated precipitation to be sensitive to the cumulus parameterization scheme, in agreement with the previous studies of Mukhopadhyay et al. (2010) , Srinivas et al. (2013) Raju et al. (2015) , and Umakanth et al. (2016) . We calculated the root mean square error (RMSE; Fig. 2 ) and model biases ( Fig. 3 Fig. 3c ) simulated precipitation in > 3 mm d −1 over the entire landmass, whereas EXPT6 (KF; Fig. 3f ) has smaller biases over the core monsoon region (box in Fig. 1a ; Rajeevan et al. 2010) .
The JJAS seasonal mean 2 m air temperatures are > 31°C over parts of northwest India, with temperatures around 27°-31°C over the core monsoon region (Fig. 4a) . The regions in the northwest and southern parts receive very little precipitation during the season (Fig. 1a) , leading to high 2 m air temperatures (Fig. 4a ). Similar to precipitation, the 2 m air temperature simulations of the pairs of experiments, EXPT1 ( Fig. 4g) , were compared to test the sensitivity to the cumulus scheme used in the model. EXPT1 (Fig. 4b) , EXPT4 ( Fig. 4e) , EXPT2 (Fig. 4c) , and EXPT5 ( Fig. 4f ) have warm (cool) biases over the northern (southern) parts of India corresponding to the dry (wet) bias in precipitation over the regions (Fig. 3a,d ,b,e, respectively). However, the differences in the 2 m air temperature biases between the experiments are not as prominent as those for precipitation. It is interesting to note that EXPT3, which has a wet bias in simulated precipitation over most parts of India ( Fig. 3c ) and EXPT6, also with a wet bias over the northern parts of India (Fig. 3f) , have a warm bias in the simulated 2 m air temperatures (Fig. 4d,g ).
We calculated the biases in the vertically integrated (from surface to 300 hPa) moisture fluxes and its divergence to understand the causes of the differences in the precipitation simulated by the KF and BMJ schemes. (Fig. 5a ) and EXPT2 (Fig. 5b) , which use the BMJ cumulus parameterization, simulated a cyclonic bias in the moisture fluxes over the southern Bay of Bengal region leading to transport of moisture into southern parts of India. A region of moisture flux convergence bias (Fig. 5a,b) is seen over the southern parts of India leading to the wet bias in precipitation over the region in these experiments (Fig. 3a,b) . The moisture flux bias is divergent over northern parts of India, leading to an underestimation of precipitation (Fig. 3a, b) . EXPT4 ( Fig. 5d ) and EXPT5 ( Fig. 5e ), which use the KF scheme, have smaller biases in the vertically integrated moisture fluxes leading to smaller biases in the simulated precipitation compared to EXPT1 and EXPT2. A cyclonic bias in the moisture flux is simulated in EXPT3 ( Fig. 5c ) leading to a wet bias over the whole Indian landmass (Fig. 3c) . Similarly, the precipitation biases in EXPT6 ( Fig. 3f) can be explained by the biases in the moisture fluxes (Fig. 5f ).
The spatial distribution of the tropical precipitation, due to its convective nature, can be explained by the tropospheric moist static energy (MSE; Srinivasan & Smith 1996) . Analyzing the biases in the simulated MSE by different WRF model experiments can help to clarify the precipitation biases simulated by the model. The biases in the seasonal vertically averaged (from 1000 to 300 hPa) MSE simulated by all the model experiments is shown in Fig. 6a −q. The model experiments with the BMJ cumulus scheme, EXPT1 (Fig. 6a) , EXPT2 (Fig. 6b) , and EXPT3 (Fig. 6c) , simulated a more unstable atmosphere with positive biases in MSE exceeding 2 kJ kg −1 over the core mon soon region. EXPT1 and EXPT2, which simulated wet (dry) biases in the southern (northern) parts of India, simulated an unstable (stable) atmosphere with positive (negative) biases in the vertically averaged MSE over the regions. EXPT3 (Fig. 6c) simulated an unstable model climate over the Indian landmass which resulted in positive biases in the precipitation (Fig. 3c ). The corresponding model experiments with the KF cumulus scheme, EXPT4, EXPT5, and EXPT6, which simulated smaller biases in precipitation, also simulated smaller biases in the vertically averaged MSE (Fig. 6d,e,f) . . (a−q) Significant biases in the vertically averaged (from 1000 to 300 hPa) moist static energy (MSE) simulated by the WRF model experiments EXPT1 to EXPT17 with respect to ERA-Interim estimates. Significance was tested using Student's 2-tailed t-test at 95% confidence level Based on the above analysis, we find that the KF scheme is more suitable for simulating the Indian summer monsoon precipitation under the present model setup compared to the BMJ scheme.
Sensitivity to PBL schemes
The results of the pairs of experiments EXPT1 (Fig.  1b) and EXPT2 (Fig. 1c), EXPT4 (Fig. 1e) and EXPT5 (Fig. 1f) , EXPT6 (Fig. 1g) and EXPT7 (Fig. 1h) , and EXPT9 ( Fig. 1j) and EXPT10 (Fig. 1k) , which differ only in the PBL scheme used (Table 2) , were compared to test the sensitivity of the model-simulated precipitation to the PBL scheme. EXPT1, EXPT4, EXPT6, and EXPT9 use the YSU scheme, whereas EXPT2, EXPT5, EXPT7, and EXPT10 use the ACM2 scheme. The precipitation simulated by EXPT1 (Fig. 1b) , EXPT4 (Fig. 1e) , EXPT6 (Fig. 1g) , and EXPT9 ( Fig. 1j ) differs from that simulated by EXPT2 (Fig. 1c) , EXPT5 (Fig. 1f) , EXPT7 (Fig. 1h) , and EXPT10 (Fig. 1k) . Comparing EXPT1 and EXPT2, it can be seen that the precipitation simulated by EXPT1 has smaller RMSE ( Fig. 2a) and biases ( Fig. 3a) compared to those (Figs. 2b & 3b) of the precipitation simulated by EXPT2 over the Indian landmass. EXPT2 (ACM2) has dry biases > 3 mm d −1 over the central and northern parts of India (Fig. 3b) and wet biases > 3 mm d −1 over the southern parts of India (Fig. 3b) . The dry biases over the central and northern parts of India are smaller in EXPT1 (YSU) (Fig.  3a) . The cool (warm) biases in the 2 m air temperature in EXPT1 (Fig. 4b ) over southern (northern) parts of India are smaller than in EXPT2 (Fig. 4c) . The biases in the vertically integrated moisture flux simulated by EXPT2 (Fig. 5b) are larger than those simulated by EXPT1 (Fig. 5a ). The biases in divergence (convergence) in vertically integrated moisture flux over northern (southern) parts of India are larger in EXPT2 ( Fig. 5b; shaded) compared to EXPT1 (Fig. 5a ), leading to larger dry (wet) biases in the northern (southern) parts of India in EXPT2 (Fig. 3b ) compared to EXPT1 (Fig. 3a) . Comparing the RMSE and bias in the precipitation simulated by the other pairs of experiments, EXPT4 and EXPT5 (Figs. 2d, e & 3d, e), EXPT6 and EXPT7 (Figs. 2f, g & 3f, g), and EXPT9 and EXPT10 (Figs. 2i, j & 3i, j) , it is evident that the precipitation simulated with the ACM2 PBL scheme has larger RMSE and biases compared to that simulated with the YSU PBL scheme.
On comparing biases in the MSE simulated by the pairs of experiments EXPT1 (Fig. 6a) and EXPT2 (Fig. 6b), EXPT4 (Fig. 6d) and EXPT5 (Fig. 6e) , EXPT6 (Fig. 6f) and EXPT7 (Fig. 6g) and EXPT9 (Fig.  6i) and EXPT10 (Fig. 6j) , it is evident that the models with the ACM2 PBL scheme (EXPT2, EXPT5, EXPT7, and EXPT10) yielded a more unstable model climate compared to those with the YSU PBL scheme (EXPT1, EXPT4, EXPT6 and EXPT9), resulting in wet biases of higher magnitude in the experiments with the ACM2 PBL scheme. It is interesting to note that though the WRF model experiments are sensitive to the PBL scheme used, the differences between the experiments are not as large as those due to the different cumulus schemes.
Sensitivity to radiation schemes
The sensitivity of the Indian summer monsoon precipitation to the shortwave radiation schemes was tested by comparing the results of EXPT4, EXPT12, and EXPT13 (Table 2 ). Comparing the mean precipitation, RMSE, and biases of the precipitation simulated by EXPT4 (Figs. 1e, 2d & 3d) , EXPT12 (Figs. 1m, 2l & 3l) , and EXPT13 (Figs. 1n, 2m & 3m) over the Indian landmass, it can be seen that the Dudhia shortwave radiation scheme (EXPT4) generates smaller biases and RMSE compared to the CAM (EXPT12) and Goddard (EXPT13) shortwave radiation schemes. The WRF models with the CAM (EXPT12) and Goddard (EXPT13) shortwave radiation schemes have wet biases (Fig. 3l,m over the northeastern and eastern parts of central India and dry biases of > 3 mm d −1 over the western parts of central India. However, the precipitation biases (Fig. 3l,m) and RMSE (Fig. 2l,m) simulated by EXPT12 are similar to those generated by EXPT13. The Dudhia shortwave radiation scheme (EXPT4) also has smaller biases and RMSE compared to the CAM (EXPT12) and Goddard (EXPT13) shortwave radiation schemes in simulating the 2 m air temperatures over the Indian landmass. EXPT4 (Dudhia) has a warm bias of about 1 to 2°C over the core monsoon region (Fig. 4e) , while the warm biases are > 2°C over most parts of the Indian landmass in EXPT12 (CAM; Fig. 4m ) and in EXPT13 (Goddard; Fig. 4n ). The biases in the precipitation and 2 m air temperatures simulated by EXPT12 and EXPT13 can be attributed to the cyclonic moisture flux biases in the Bay of Bengal, with moisture converging over northeast India (Fig. 5l,m) . These experiments also simulate moisture transport from the Arabian Sea converging over the eastern parts of central India, which results in a wet bias over the region (Fig. 3l,m) . Regions of divergent bias are seen over parts of central and southern India in both EXPT12 and EXPT13 (Fig. 5l,m) which result in dry bias in the precipitation over the region (Fig.  3l,m) . The analysis of biases in the MSE shows that the models with CAM (EXPT12) and Goddard (EXPT13) shortwave radiation schemes simulated a stable atmosphere over the core monsoon region with negative biases in the MSE (Fig. 6l,m) , resulting in dry bias over the core monsoon region. EXPT4 (Fig. 6d) (Dudhia) simulated MSE with smaller biases compared to EXPT12 (Fig. 6l) and EXPT13 (Fig. 6m) .
The WRF model experiment results also indicate that the model-simulated Indian summer monsoon precipitation is sensitive to the longwave radiation scheme used. Comparing the mean (Fig. 1j,m) , RMSE (Fig. 2i,l) and biases (Fig. 3i,l ) of EXPT9 and EXPT12, which differ in the longwave radiation scheme used ( Table 2 ), indicates that the CAM (EXPT9; Fig. 3i ) longwave radiation scheme simulates precipitation with smaller biases compared to the RRTM (EXPT12; Fig. 3l ) longwave radiation scheme. The 2 m air temperatures simulated by EXPT9 (Fig. 4j) have smaller biases compared to those simulated by EXPT12 (Fig. 4m) over the Indian landmass. The differences in the precipitation and 2 m air temperatures biases be tween EXPT9 and EXPT12 are related to the differences in the moisture flux biases simulated by the experiments. EXPT12 simulated large convergence bias over northwestern and eastern central India, resulting in wet bias over the region (Fig. 5l) . The biases in the moisture flux and its divergence simulated by EXPT9 (Fig. 5i) are smaller than those simulated by EXPT12. EXPT12 also simulated a more stable model climate with negative biases exceeding 1 kJ kg −1 in the MSE over the core monsoon region (Fig. 6l) compared to EXPT9, which had a negative bias of about 0.5 kJ kg −1 in the MSE (Fig. 6i) , resulting in differences in the biases in the precipitation and 2 m air temperature.
Apart from the WRF model being sensitive to both the shortwave and the longwave radiation scheme in simulating the Indian summer monsoon precipitation and 2 m air temperatures, we find that the model results are also sensitive to the choice of radiation package (combination of shortwave and longwave radiation schemes). On comparing the mean precipitation, RMSE, and bias simulated by EXPT1 (Figs. 1b,  2a & 3a) and EXPT3 (Figs. 1d, 2c & 3c) , and EXPT4 (Figs. 1e, 2d & 3d) and EXPT6 (Figs. 1g, 2f & 3f) , which differ in the radiation package used (Table 2) , it is evident that the RRTMG radiation package performs poorly in simulating precipitation over India, with a large wet bias of > 5 mm d −1 and a large RMSE.
In EXPT3, which used the BMJ cumulus scheme, the RRTMG radiation package simulated a wet bias of > 5 mm d −1 over the whole of India, with a region of convergence (Fig. 5c) covering the entire landmass. In EXPT3, the RRTMG radiation package in combination with other physical schemes simulated an unstable model climate with positive biases >1.5 kJ kg −1 over the entire Indian landmass (Fig. 6c) . However, although the RRTMG radiation package in combination with the KF cumulus scheme (EXPT6) and other physical parameterization schemes simulated higher precipitation, the region of high precipitation is confined to eastern central India (Fig. 3f) , with less precipitation over the south (Fig. 3f) , in agreement with the region of convergence (divergence) bias over these areas ( Fig. 5f ) and positive (negative) bias in the simulated MSE (Fig. 6f) . These results show that the sensitivity of a model to the radiation package is dependent on the choice of other physical parameterization schemes. Comparing the precipitation and 2 m air temperatures simulated by the model experiments with the RRTMG (EXPT3, EXPT6, EXPT7, EXPT8) and CAM (EXPT9 and EXPT10) radiation packages with the model experiments with a radiation package consisting of the Dudhia shortwave radiation and RRTM longwave radiation schemes (EXPT1, EXPT2, EXPT4, EXPT5), it is clear that the latter combination outperforms the former, with smaller biases and RMSE in the simulated precipitation over the Indian landmass. The RRTMG and CAM radiation packages tend to simulate higher precipitation over central and northern parts of India.
Sensitivity to microphysical schemes
As seen in Table 2 , the results of the pairs of experiments EXPT7 and EXPT8, EXPT10 and EXPT11, and EXPT5 and EXPT17 were compared to test the sensitivity of the simulated Indian summer monsoon precipitation to the microphysical schemes in the WRF model. On comparing the model simulated precipitation, RMSE and biases in EXPT7 (Fig. 1h, Fig  2g and Fig 3g) with WSM3 microphysical scheme with those of EXPT8 (Figs. 1i, Fig 2h, Fig 3h) with the WSM5 microphysical scheme it is found that the WSM5 scheme simulated larger biases and RMSE compared to WSM3 scheme over the landmass. Similar results were obtained on comparing the mean, RMSE and biases for the simulated precipitation in EXPT5 (Figs. 1f, 2e & 3e) with the WSM3 scheme with those of EXPT17 (Figs. 1r, 2q & 3q) with the WSM5 scheme. The biases simulated by EXPT10 (Fig. 3j) with the WSM3 scheme are positive over the core monsoon region, whereas those simulated by EXPT11 with the WSM5 scheme (Fig. 3k) are significantly negative. However, the 2 m air temperature simulated by the WSM3 schemes in EXPT5 (Fig. 4f) , EXPT7 (Fig. 4h) , and EXPT10 (Fig. 4k) shows a warm bias of > 2°C compared to the 1°C warm bias simulated by EXPT8 (Fig. 4i), EXPT11 (Fig. 4l) and EXPT17 (Fig. 4r) , the experiments using the WSM5 microphysical scheme.
The WSM5 microphysical scheme experiments EXPT8 (Fig. 5h), EXPT11 (Fig. 5k) , and EXPT17 (Fig.  5q ) simulated a cyclonic bias in moisture fluxes covering the whole Indian landmass, creating a region of convergence that resulted in a wet bias in precipitation. The model experiments with the WSM3 microphysical scheme, EXPT5 (Fig. 5e) , EXPT7 (Fig. 5g) , and EXPT10 (Fig. 5j) , simulated cyclonic bias in the moisture over the Bay of Bengal and northeast India. The model experiments with the WSM5 microphysical scheme also simulated an unstable climate with positive MSE biases covering the entire Indian landmass (Fig. 6h,k,q) , resulting in wet biases in precipitation. These results indicate that the model-simulated Indian summer monsoon precipitation and 2 m air temperature are sensitive to the microphysical schemes used in the model and that the WSM3 scheme is more suitable for simulating precipitation under the present model setup.
Sensitivity to surface layer schemes
The surface layer schemes enable exchange of information from the atmosphere to the earth's surface for calculation by the land surface models. Choosing a suitable surface layer scheme to simulate the Indian summer monsoon precipitation and 2 m air temperatures is important. We carried out 2 experiments, the first with the MSS surface layer scheme (EXPT5) and the second with the PX surface layer scheme (EXPT14) ( Table 2 ). The results of the comparison between EXPT5 (Fig. 1f) and EXPT14 (Fig. 1o) indicate that the simulated precipitation is sensitive to the surface layer scheme used in the model. The RMSE in the precipitation simulated with the PX scheme in EXPT14 (Fig. 2n) is larger over most parts of the core monsoon region than that in the precipitation simulated with the MSS surface layer scheme in EXPT5 (Fig. 2e) . Similarly, the wet precipitation biases over the core monsoon region are larger in EXPT14 (Fig. 3n ) compared to EXPT5 (Fig. 3e) . However, the 2 m air temperature biases over northern parts of India have smaller warm biases in EXPT14 compared to EXPT5 due to the larger wet biases simulated by EXPT14.
The model experiment with the PX surface layer scheme (EXPT14; Fig. 5n ) simulated a cyclonic bias in moisture fluxes covering the Bay of Bengal and the core monsoon region, resulting in a significant convergence bias over the landmass and hence the wet bias in the precipitation. EXPT5 with the MSS scheme (Fig. 5e) shows smaller biases in the moisture flux compared to EXPT14. The positive bias in the vertically averaged MSE in EXPT14 (Fig. 6n) is >1 kJ kg −1 over the core monsoon region, indicating that the model has simulated an unstable climate resulting in excess precipitation over the landmass. These results indicate that the simulated monsoon precipitation and 2 m air temperature are sensitive to the choice of the surface layer scheme.
Sensitivity to land surface schemes
The land surface schemes model the surface processes and provide the surface sensible heat flux, surface latent heat flux, upward longwave radiation, and reflected upward shortwave radiation to the atmospheric model. We carried out experiments with 3 land surface schemes, namely the Unified Noah LSM, the thermal diffusion model, and the PX land surface model, to test the sensitivity of the model precipitation to these schemes. The comparison of the pairs of experiments, EXPT5 and EXPT16 (Fig. 1f,q) , and EXPT14 and EXPT15 (Fig. 1o,p) , clearly reveal the importance of specifying an appropriate land surface scheme (Table 2) . EXPT5 with the Unified Noah LSM has smaller biases ( Fig. 3e) and RMSE (Fig. 2e) over the core monsoon region compared to EXPT16 with the thermal diffusion scheme (Figs. 2p & 3p) . A precipitation bias > 5 mm d −1 is simulated over the entire core monsoon region in EXPT16 (Fig. 3p) . This excess precipitation results in a smaller warm bias of about 1°C over northern parts of India compared to the bias of over 2°C in EXPT5 (Fig. 4f) over the same region. The thermal diffusion land surface model (EXPT16) simulated an unstable model climate with positive biases in vertically averaged MSE over the entire core monsoon region (Fig. 6p) and moisture convergent biases (Fig. 5p) , resulting in large wet biases over the region. Similarly, EXPT14 with the Unified Noah LSM has smaller biases (Fig. 3n) and RMSE (Fig. 2n) over the core monsoon region compared to those simulated by EXPT15 with the PX land surface scheme (Figs. 3o & 2o) . The biases in 2 m air temperature in EXPT15 (Fig. 4p) are smaller than those in EXPT14 (Fig. 4o) due to the higher wet biases simulated in EXPT15. The biases in the moisture fluxes (Fig. 5o) and MSE (Fig. 6o) also indicate a more unstable atmosphere in EXPT15 compared to EXPT14 (Figs. 5n & 6n) , which explains the difference in the precipitation and 2 m air temperatures simulated by the experiments over the Indian landmass. These results indicate that the Unified Noah LSM is superior to the PX land surface model and the thermal diffusion scheme in simulating the monsoon precipitation under the present model setup.
Taylor diagrams
A comprehensive comparison of the model-simulated precipitation and 2 m air temperatures in the various experiments is presented in the Taylor diagram shown in Fig. 7a,b . The observed and modelsimulated precipitation and 2 m air temperatures over the core monsoon region are derived from IMD observations and the model experiments. From  Fig. 7a , it is evident that the WRF model-simulated precipitation is sensitive to the physical parameterization schemes used in the model. EXPT1 and EXPT2, with the BMJ cumulus scheme, have low correlation with the IMD observed precipitation over the core monsoon region, with correlation coefficients of 0.486 and 0.366, respectively. This is due to large dry (wet) biases in the simulated precipitation in the northern (southern) parts of India (Fig. 3a,b) . The corresponding experiments with the KF cumulus scheme, EXPT4 and EXPT5, have relatively high correlation coefficients of 0.681 and 0.597, thus indicating that the KF scheme shows superior performance in simulating the Indian summer monsoon precipitation under the present model setup.
The experiments with the YSU PBL scheme, EXPT1 and EXPT4, have higher correlation coefficients of 0.486 and 0.681, respectively, compared to EXPT2 (0.366) and EXPT5 (0.597) with the ACM2 PBL scheme. Though EXPT7 and EXPT10 with the ACM2 PBL scheme have higher correlation coefficients (0.778 and 0.795) compared to EXPT6 (0.730) and EXPT9 (0.699) with the YSU PBL scheme, their SD values are also large. EXPT4, EXPT12, and EXPT13, which test the suitability of shortwave radiation schemes in simulating the Indian summer monsoon precipitation, have correlation coefficients of 0.681, 0.733, and 0.708; however, EXPT12 and EXPT13 have higher SD values, indicating that the Dudhia shortwave scheme is more suitable for simulating the precipitation over the Indian region under the present model setup. EXPT9 has a smaller correlation coefficient (0.699) compared to EXPT12 (0.733); however, EXPT9, which uses the CAM longwave radiation scheme, has a smaller SD than EXPT12 with the RRTM longwave radiation scheme. Comparing the performance of other experiments testing the radiation packages in Fig. 7a , it is evident that the combination of the Dudhia shortwave radiation scheme and the RRTM longwave radiation scheme performs better in simulating the precipitation over the Indian landmass during the monsoon season. EXPT7 and EXPT10 with the WSM3 microphysical scheme have correlation coefficients of 0.778 and 0.795, while EXPT8 and EXPT11 with the WSM5 microphysical scheme have coefficients of 0.679 and 0.531. However, the model runs with WSM3 have higher SD values compared to those with the WSM5 scheme. EXPT5 with the WSM3 scheme and EXPT17 with the WSM5 scheme have comparative correlation coefficients and SD values (Fig. 7a) . The precipitation simulated with the PX surface layer scheme (EXPT14) has a low correlation coefficient of 0.343 compared to that simulated by EXPT15 (0.597) with the MSS surface layer scheme. Similarly, comparing the correlation coefficients of the model experiments testing the sensitivity to land surface schemes, it is evident that the Unified Noah LSM has better skill in simulating precipitation over the Indian landmass during the monsoon season.
The Taylor diagram of the 2 m air temperature averaged over the core monsoon region (Fig. 7b) indicates that this is less sensitive to the choice of the physical parameterization schemes used in the model. All the models experiments have correlation coefficients > 0.7 (Fig 7b) . Except for EXPT15 and EXPT16, all the other model experiments have SD values nearer to the observed values (Fig 7b) .
Intra-seasonal variability of precipitation
As is well known, the intraseasonal variations in precipitation over the Indian landmass influence the seasonal precipitation (Goswami & Ajayamohan 2001) . To verify if the biases in the simulated precipitation at the seasonal time scale in the model experiments are due to biases in the simulated intraseasonal oscillations, we plotted the time evolution of the daily climatological mean precipitation (averaged over the years 1982 to 2013 and over the longitudes 70° to 90°E) over India during the JJAS season (Fig. 8) . From the model-simulated daily precipitation (Fig. 8b−r) and observations (Fig. 8a) , it can be seen that all the WRF model experiments simulate the seasonal cycle realistically. However, there are large differences in the magnitudes of the intraseasonal oscillations and the northward extent of the monsoon precipitation. All the model experiments except EXPT4 have frequent climatological intraseasonal oscillations with stronger magnitudes. The latitudinal extent and the climatological intraseasonal oscillations are reasonably simulated in EXPT4. In EXPT1 (Fig. 8b) and EXPT2 (Fig. 8c) , the precipitation stagnates around 20°N and has a larger magnitude. These experiments have dry biases in the simulated seasonal precipitation in the northern parts of India and wet biases in the southern parts (Fig. 3a,b) . EXPT3, which simulated a wet bias over the whole of India (Fig. 3c) has a stronger intraseasonal oscillation extending to 28°N (Fig. 8d) . Similarly, the biases in the seasonal precipitation simulated by the other model experiments can be attributed to the biases in the lateral extent and the magnitude of the climatological intraseasonal oscillations. Using the WRF model with a domain covering the whole monsoon region and the configuration of EXPT1, Raju et al. (2015) also found the rainfall to be stagnant around 20°N, similar to that simulated in EXPT1 (Fig. 8b) . This indicates that using a larger WRF domain does not necessarily lead to an improvement in the simulation of the Indian summer monsoon precipitation.
From the above analysis, it is clear that the WRF model simulations of the Indian summer precipitation are sensitive to the physical parameterization schemes used. The results also indicate that it is essential to choose the correct combination of physical parameterization schemes. Among the experiments performed in this study, EXPT4 not only has smaller RMSE and biases in the simulated precipitation over the core monsoon region but also shows reasonable simulation of the climatological intraseasonal oscillations.
Interannual variability of seasonal precipitation and 2 m air temperature anomalies
In this analysis, we averaged the seasonal precipitation anomalies simulated by all the WRF model experiments over the core monsoon region and normalized the time series by their SD to verify the accuracy of the WRF model in simulating the interannual variability of the Indian summer monsoon precipitation. The normalized precipitation anomalies are shown in Fig. 9 . From the normalized time series (Fig. 9) , it is evident that the simulation of the interannual variability in precipitation is sensitive to the choice of the physical parameterization scheme in the WRF model. The ENSO and IOD influence the inter-annual variability in the Indian summer monsoon (Fig. 9) , with El Niño almost always resulting in reduction of the seasonal precipitation over the Indian landmass. In fact, the years with a large deficiency (SD < 1) of rainfall over India are coincident with the El Niño years (Fig. 9) . Most of the WRF model experiments could capture extreme deficient rainfall years realistically, though with variation in the amplitude of the precipitation anomalies (Fig. 9 ). The years with precipitation anomalies >1 SD (1983, 1994, 2006, 2013) are either positive Indian Ocean Dipole (PIOD) years or ENSO neutral years (Fig. 9) . As evident from Fig. 9 , pure PIOD years (1983, 1994, 2006, 2008, 2012) are generally associated with higher precipitation over the Indian region. The PIOD in 1982 and 1997, which co-occurred with El Niño, reduced the effects of El Niño on the Indian summer monsoon precipitation. Most of the WRF model experiments could realistically capture the phase of the precipitation anomalies during the extreme precipitation years (Fig. 9 ). La Niña (1988, 2007, 2010, 2011) and negative Indian Ocean Dipole (NIOD) years (1992, 1996) have positive precipitation anomalies over the Indian landmass (Fig. 9) . We plotted the spatial distribution of the composite precipitation anomalies during the PIOD and El Niño years of 3 model experiments, EXPT4, EXPT10, and EXPT14, to understand the differences in the spatial distribution of the precipitation anomalies among the model experiments (Fig. 10) . EXPT4 simulated monsoon precipitation with smaller biases over the core monsoon region and has reasonable correlation with the IMD observed precipitation (correlation coefficient of 0.681; Fig. 7a ), whereas EXPT10 simulated precipitation with large wet biases over the Indian landmass and has a correlation coefficient of 0.795 over the core monsoon regions and a high SD. EXPT14 has the smallest correlation coefficient of 0.343 and also a lower SD than the other 2 experiments. These experiments are representative of the extremes in the simulated precipitation within the model experiments and, hence, are good candidates for understanding the spatial distribution of the precipitation during extreme events.
The spatial distribution of the precipitation anomalies composited over the pure PIOD seasons (JJAS of 1983 (JJAS of , 1994 (JJAS of , 2006 (JJAS of , 2008 (JJAS of , and 2012 shows significant positive anomalies over northwest India and the eastern parts of central India ( Fig. 10a; shaded) . These are due to the cyclonic vertically integrated moisture flux anomalies (Behera et al. 1999 ) over the region ( Fig. 10a; vectors) . During pure PIOD events, the northeastern parts of India experience a significant reduction in precipitation (Fig. 10a) . The composite 2 m air temperature anomalies during the pure PIOD events show negative anomalies over the northwestern parts of India and positive anomalies over the northeastern parts (Fig. 10i) . The areas of Only significant values are plotted. Significance was tested using Student's 2-tailed t-test at 90% confidence level positive (negative) 2 m air temperature anomalies coincide with the regions of negative (positive) precipitation anomalies observed over the Indian landmass. EXPT4 was able to capture the spatial distribution of precipitation anomalies realistically (Fig. 10b) , with significant positive anomalies over the northwestern parts of India and significant negative anomalies over the northeastern parts during the pure PIOD events. However, the 2 m air temperatures simulated by EXPT4 are significant only over a small region of southern India (Fig. 10j) . EXPT4 also had difficulty in simulating the cyclonic vertically integrated moisture flux anomalies over the Indian landmass (Fig. 10b) . EXPT10 simulated large areas of significant positive precipitation anomalies over the northern parts of the Indian landmass during the pure PIOD events (Fig. 10c ) that were associated with significant in tense cy clo nic vertically integrated moisture flux anomalies over the landmass ( Fig. 10c ; vectors). The 2 m air temperature anomalies simulated by EXPT10 are significantly negative over the northern parts of India (Fig. 10k ) and EXPT14 simulated negative precipitation anomalies over scattered regions of central India associated with anticyclonic moisture flux anomalies over the landmass (Fig. 10d ) during the positive PIOD events. EXPT14 also had difficulty in simulating a realistic 2 m air temperature distribution over the landmass during the pure PIOD events (Fig. 10l) . El Niño has a stronger influence on the Indian summer monsoon precipitation compared to PIOD events (Fig. 10a) , as is evident from the composite (mean of JJAS 1982 (mean of JJAS , 1987 (mean of JJAS , 1991 (mean of JJAS , 1997 (mean of JJAS , 2002 (mean of JJAS , 2004 (mean of JJAS , and 2009 ) El Niño events (Fig. 10e ). Significant negative precipitation anomalies are spread over the entire core monsoon region during the El Niño events (Fig. 10e ) and are associated with significant anticyclonic moisture flux anomalies over the landmass ( Fig. 10e ; vectors). Both EXPT4 (Fig. 10f) and EXPT10 (Fig. 10g) were able to realistically simulate the spatial distribution of precipitation as well as the moisture flux anomalies. However, EXPT10-simulated anomalies (Fig. 10g ) are higher in magnitude compared to the observed anomalies (Fig. 10e) . EXPT14 simulated significant negative precipitation anomalies confined to northwestern parts of India (Fig. 10h ). Significant positive 2 m air temperature anomalies can be seen over large parts of the Indian landmass during the El Niño events (Fig. 10m) . Similar to the simulation of precipitation anomalies, EXPT4 (Fig. 10n) and EXPT10 (Fig. 10o) realistically simulated the 2 m air temperature anomalies, with EXPT10-simulated ano malies (Fig. 10o) covering larger areas of the Indian landmass compared to the observed spatial distribution of the anomalies (Fig. 10m) . EXPT14-simulated 2 m air temperature anomalies are significant only over the northwestern parts of India (Fig.  10p) . In summary, EXPT4 has a suitable combination of schemes to simulate the spatial distribution of the precipitation anomalies during PIOD and El Niño events.
CONCLUSIONS
We carried out a set of 17 experiments using various combinations of physical parameterization schemes in the WRF model to simulate the Indian summer monsoon precipitation and 2 m air temperature. The experiments were designed to select a suitable combination of physical parameterization schemes for simulating the spatial and temporal distribution of the precipitation and 2 m air temperature realistically. The experiments were formulated to test 2 cumulus parameterization schemes, KF and BMJ, 4 shortwave radiation schemes, 3 longwave radiation schemes, 2 planetary boundary layer schemes, 2 micro physical schemes, 2 surface layer schemes, and 3 land-surface models (Tables 1 & 2) .
The analysis of the results indicates that the WRF model-simulated precipitation is sensitive to the physical parameterization schemes used in the model and that choosing the correct combination is essential for simulating the summer monsoon precipitation over the Indian landmass. The tests with different cumulus schemes found the KF scheme to be more suitable for simulating the boreal summer precipitation over the Indian landmass compared to the BMJ scheme. The KF scheme simulations have smaller biases in the spatial and temporal dis tribution of the precipitation compared to the model runs with the BMJ scheme. The model experiments (EXPT1 and EXPT2) with the BMJ scheme have wet (dry) biases in the simulated precipitation over the southern (northern) parts of India, due to cyclonic biases in the vertically integrated moisture fluxes over the southern parts of India. The climatological intraseasonal oscillations of precipitation are stagnant over the southern parts of India in the BMJ simulations (EXPT1 and EXPT2) resulting in wet biases over southern India in the seasonal mean. However, the experiments with the KF scheme, EXPT4 and EXPT5, have smaller biases over the core monsoon region and the intraseasonal oscillations are more realistic than those simulated with the BMJ scheme. Interestingly, the spatial distribution of the precipita-tion biases in EXPT3 with the BMJ scheme is different from those of EXPT1 and EXPT2, with EXPT3 simulating wet biases over most parts of the Indian landmass whereas EXPT1 and EXPT2 have a dipole structure in the distribution of the biases. Similarly, EXPT4 to EXPT17, which use the KF scheme, show differences in the spatial as well as temporal distribution of the biases in precipitation, thereby demonstrating that choosing the correct combination of physical schemes is required for simulating the precipitation over the Indian landmass during the boreal summer season.
The results of experiments with different PBL schemes indicate that the YSU PBL scheme performs better in simulating the Indian summer monsoon precipitation compared to the ACM2 PBL scheme. The ACM2 PBL scheme simulated a more unstable atmosphere resulting in an enhancement in the wet biases over the Indian landmass. However, the re sults produced by different PBL schemes do not differ as much as those resulting from different cumulus schemes. The model experiments indicate that the radi ation package with the Dudhia shortwave radiation and RRTM longwave radiation schemes simulate precipitation over the Indian landmass with smaller biases compared to the CAM and RRTMG radiation packages. Of the 2 microphysical schemes we tested, the WSM3 scheme simulated a more realistic distribution of the precipitation compared to the WSM5 scheme. The simulated precipitation was also found to be sensitive to the surface layer scheme as well as the land surface model. The MSS surface layer scheme and the Unified Noah LSM were found to be suitable for simulating the Indian summer monsoon.
The interannual variability of the monsoon precipitation over the core monsoon regions was simulated realistically in the model experiments; however, the simulated variability was dependent on the physical parameterization schemes used in the model. Of all the model experiments tested, we find the experimental setup of EXPT4, with the KF cumulus, Dudhia shortwave, RRTM longwave, YSU PBL, WSM3 microphysics, and MSS surface layer schemes, and the Unified Noah LSM to be suitable for simulating the Indian summer monsoon precipitation realistically.
The 2-tier approach of specifying the sea-surface temperature to the forecasting models often results in overestimation of precipitation . As shown by Ratnam et al. (2009) , the 1-tier ap proach of using a regional coupled model can improve the simulation of intraseasonal as well as interannual variability of Indian summer precipitation. We are now planning such a regional coupled model with the combination of EXPT4 physical parameterization schemes to generate downscaled forecasts over India in the future, with SINTEX-F2v (Doi et al. 2016 ) CGCM forecasts as the boundary conditions.
